University of Central Florida

STARS
Electronic Theses and Dissertations, 20202020

Characterization of Clear Coat and Base Coat Automotive Paint
Analysis Using DART-HRMS and Comparison of FTIR
Spectroscopy, Py-GC-MS, and DART-HRMS for Clear Coat Analysis
Kaitlin Jones
University of Central Florida

Part of the Chemistry Commons

Find similar works at: https://stars.library.ucf.edu/etd2020
University of Central Florida Libraries http://library.ucf.edu
This Masters Thesis (Open Access) is brought to you for free and open access by STARS. It has been accepted for
inclusion in Electronic Theses and Dissertations, 2020- by an authorized administrator of STARS. For more
information, please contact STARS@ucf.edu.

STARS Citation
Jones, Kaitlin, "Characterization of Clear Coat and Base Coat Automotive Paint Analysis Using DARTHRMS and Comparison of FTIR Spectroscopy, Py-GC-MS, and DART-HRMS for Clear Coat Analysis"
(2020). Electronic Theses and Dissertations, 2020-. 238.
https://stars.library.ucf.edu/etd2020/238

CHARACTERIZATION OF CLEAR COAT AND BASE COAT AUTOMOTIVE PAINT
ANALYSIS USING DART-HRMS AND COMPARISON OF FTIR SPECTROSCOPY, PYGC-MS, AND DART-HRMS FOR CLEAR COAT ANALYSIS

By

KAITLIN ANNE JONES
B.S. University of Central Florida, 2017

A thesis submitted in partial fulfillment of the requirements
for the degree of Master of Science
in the Department of Chemistry
in the College of Sciences
at the University of Central Florida
Orlando, Florida

Summer Term
2020

© Jones 2020

ii

ABSTRACT
Current techniques used to analyze automotive paint samples include microscopy, fourier
– transform infrared (FTIR) spectroscopy, and pyrolysis gas chromatography - mass spectrometry
(Py-GC-MS). These techniques are performed in the respective order listed above. Out of the three
techniques currently used in this field, the one that has the highest discriminatory power is py-GCMS; however, this technique is time consuming and destructive toward the sample. One hundred
automotive paint samples were analyzed using FTIR, Py-GC-MS and direct analysis in real timehigh resolution mass spectrometry (DART-HRMS) to determine how DART-HRMS compared to
Py-GC-MS in terms of discriminatory capability. DART-HRMS takes approximately 4 minutes to
run a sample while Py-GC-MS takes around 24 minutes per sample. The vast difference in analysis
run times between the two techniques could help prevent and/or get rid of current backlogs in
forensic trace labs. The clear coat and base coat of automotive paint samples were analyzed using
DART-HRMS to compare the different information obtained for the separate layers. The
accuracies of the models, based on LDA, were 86.77%, 87.98%, 95.61%, and 98.20% for DARTHRMS (base coat), FTIR, Py-GC-MS, and DART-HRMS (clear coat), respectively. This
demonstrates that DART-HRMS can be utilized when analyzing automotive paint samples to
achieve a higher discriminatory power while also analyzing samples in a fraction of the time that
Py-GC-MS takes.
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CHAPTER 1: INTRODUCTION
1.1 Automotive Paint
In 2015 alone, more than seven hundred thousand hit-and-runs occurred in the United
States.1 Forensic scientists utilize automotive paint evidence from hit-and-runs accidents to aid
in the identification of a suspect vehicle. Automotive paint is one of the most common evidence
types collected, due to the high frequency of crime scenes that involve a vehicle. Therefore, it
is important for forensic crime labs to determine and employ analytical techniques for the
analysis of automotive paint. Paint chips and/or smears are often recovered from individuals
and/or surfaces that have had contact with the perpetrator’s vehicle at the crime scene. Paint
chips are usually left on hit-and-run victims or found around the crash site, while paint smears
transfer onto solid surfaces that cars make contact with.2 Original equipment manufacturer
(OEM) automotive paint is a multilayer system typically applied to vehicles in the following
order: electrocoat primer, primer surfacer, basecoat, and clear coat.3 Refer to Section 2.1 for a
detailed discussion of the different layers of automotive paint systems.
1.2 Current Analytical Techniques Utilized
The Scientific Working Group for Materials Analysis (SWGMAT) and the American
Society for Testing and Materials (ASTM) established guidelines regarding the advantages and
disadvantages of analytical techniques utilized in the study of automotive paint.4-5 These
guidelines were produced to help forensic professionals chose an appropriate analysis scheme,
based on the amount of sample collected and the paint characteristics, instead of providing a
structured framework that must be followed. Numerous techniques have been applied to the
analysis of automotive paint; some examples of these techniques include microscopy, infrared
spectroscopy (IR), Raman spectroscopy, pyrolysis gas chromatography (Py-GC), pyrolysis gas
1

chromatography-mass

spectrometry,

microspectrophotometry,

scanning

electron

microscopy/energy dispersive X-ray spectroscopy (SEM/EDS), X-ray fluorescence
spectrometry (XRF), and X-ray diffraction (XRD).5
Typically, forensic paint examiners utilize three of these methods to analyze paint samples,
in the following order: microscopy, IR spectroscopy, and Py-GC-MS. When performing these
instrumental techniques, the following order is used based on how much information is needed
about the paint sample and the time allotted to attain it. A stereomicroscope is typically used
to determine the macroscopic characteristics of the paint, including presence of weathering
effects, size, shape, and color.4 Cross-sections of the paint sample observed under light
microscopes provide additional characteristics of paint, such as layer system, thickness of
coatings, pigment distribution and pigment size. Following microscopic analysis, IR
spectroscopy is the first characterization method typically performed because the technique is
non-destructive and requires minimal sample preparation, while also providing important
information regarding the additives, binders, and pigments.5-6
A benefit of analyzing paint samples with IR spectroscopy is the application of the Paint
Data Query (PDQ) database. The IR spectra generated for OEM paint samples can be
compared to those in the spectral libraries, for each individual paint coating, contained in the
PDQ database.6 The Georgia Bureau of Investigation also produced an IR spectra library for
paint samples that can be used for comparison purposes. In addition to these IR libraries, the
Federation of Societies for Coatings Technology also formed a collection of IR spectra for the
following types of compounds commonly found in automotive paint: solvents, pigments,
additives and binders.7
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The discriminatory capability of IR spectroscopy, however, is not as high as Py-GC-MS.
Burns and Doolan determined that paint samples manufactured with modified alkyd resins
were indistinguishable by FTIR spectroscopy, yet Py-GC-MS was able to differentiate between
these samples.8 Therefore, if additional discriminatory information is required after analyzing
a sample with IR spectroscopy, then Py-GC-MS is utilized. Two disadvantages, however, of
Py-GC-MS are that the method is destructive and time-consuming.
1.3 Research Objectives
A gap in past and present research in the analysis of automotive paint presents itself: the
need for a technique that has a similar level of discriminatory capability compared to Py-GCMS, but that analyzes samples in a fraction of the time. Determining a technique that exhibits
these qualities would help the forensic community with any current or future backlogs that
exist in trace crime labs examining this type of evidence. The research objective for this project
is to utilize DART-HRMS to analyze one-hundred paint samples and determine how its ability
to differentiate between these samples compares to Py-GC-MS. DART-HRMS is an analytical
method that runs automotive paint samples at about one-sixth of the time Py-GC-MS takes (i.e.
4 minutes by DART-HRMS versus 24 minutes by Py-GC-MS). This research will use the same
analysis process that most forensic scientists use to analyze paint evidence; samples will be
examined microscopically to determine layer system and then by FTIR spectroscopy to
determine initial characteristics. Subsequently, the paint samples will be analyzed by both PyGC-MS and DART-HRMS to compare its discriminatory ability.
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CHAPTER 2: LITERATURE REVIEW
2.1 Automotive Paint Layer System
The different layers in automotive paint vary in their thicknesses; clearcoat (30-50 µm),
primer surfacer (30-35 µm), electrocoat primer (17-22 µm), and basecoat (10-20 µm).9 Each
layer in the complex system of automotive paint also serves a unique purpose. The electrocoat
primer layer is the first to be applied to the vehicle and it prevents corrosion from occurring on
the metal frame of the vehicle. The primer surfacer coat is then added to the car to hide any
imperfections in the coating and provide an even appearance.10 The two layers studied in this
research are the basecoat and the clear coat. As two of the topmost layers, they are the coatings
most typically transferred to a victim and/or hard surface during a hit-and-run. The basecoat
layer is responsible for the color of the vehicle due to the binders and pigments contained in
the coating.10 The top layer of typical automotive paint systems is the clearcoat, which is a
colorless layer designed to protect the paint system from weathering effects and ultraviolet
degradation; resistance to debris, solvent, and chemical damage is also provided by this layer.3,
10-11

The clearcoat is composed of hindered amine light stabilizers and ultraviolet absorbers;

these compounds are responsible for protection against ultraviolet rays and weathering
effects.3, 11 Figure 1 illustrates a typical OEM paint system represented by one of the paint
samples analyzed in this study.
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Figure 1: Layer system of paint sample, USA0.004.
The sample was visualized under a VHX 6000 Keyence digital microscope.

2.2 Microscopy
Microscopes are used in the analysis of automotive paint for sample preparation and the
examination of microscopic and macroscopic characteristics. Multiple studies have been
performed in this field utilizing microscopy.3, 12-14
2.3 FTIR Spectroscopy
FTIR spectrometers consist of a source, an interferometer, a sample compartment, a
detector, and a computer. In this analytical technique, infrared energy is produced from the
source and either reflected off or transmitted through the sample of choice. The beam then
enters the detector, which measures the percent of transmitted light and passes it to the
computer where the corresponding IR spectrum is developed.15 The FTIR sampling technique
utilized in this study is attenuated total reflectance (ATR). When the ATR crystal contacts the
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surface of the sample, an IR beam passing through the crystal interacts with the sample creating
evanescent waves when the beam reflects off the sample. The evanescent waves penetrate the
sample at a certain depth and depending on the sample’s composition; some of the IR beam is
absorbed. The beam then bounces through the crystal until it exits at the other end and enters
the detector with the chemical information obtained.16 Figure 2 illustrates how the IR beam
passes through the ATR crystal and interacts with the sample. Different functional groups have
characteristic vibrations, which absorbed the IR light at specific frequency ranges. Types of
vibrational modes observed in IR spectroscopy are stretching (i.e symmetric and asymmetric)
and bending (i.e. wagging, twisting, rocking, and scissoring).17 Therefore, IR spectra are used
to identify the molecular structure of a compound.

Figure 2: ATR Crystal Diagram

Burns and Doolan found that clearcoat and solid paint samples that were indistinguishable
by FTIR spectroscopy could be differentiated using Py-GC-MS.14 These researchers analyzed
300 clearcoat samples selected based on the FTIR groupings found in the previous study
mentioned above, to determine the ability at which Py-GC-MS could differentiate between
clearcoat samples belonging to the same FTIR group. This study illustrated how Py-GC-MS
could differentiate samples into the same groups as FTIR, while also providing further
information by dividing these groupings into further subgroups.8 Maric et al. analyzed the
clearcoat of 130 vehicles with ATR-FTIR spectroscopy and using various chemometric
6

techniques (HCA, PCA, and LDA), the study established that these combined techniques could
help examiners determine the origin of Australian vehicles.11 In a follow-up study, synchrotron
infrared imaging was used to examine component migration between layers of an automotive
paint system; melamine was found to migrate from the basecoat of certain samples into the
clearcoat and pigments were shown to transfer from the basecoat to either the clearcoat or
primer surfacer layers.18 Another study by Maric et al. analyzed the basecoat, primer surfacer,
and electrocoat primer of 75 cars with synchrotron FTIR microspectroscopy; however, only
the primer surfacer coating exhibited a discriminatory pattern between samples, which allowed
examiners to determine origin and differentiate between potential manufacturers.19 Van der Pal
et al.13 found that after automotive paint was exposed to the environment for 435 days or more,
incorrect PCA model predictions started based on the top portions of the clear coat instead of
based on the clear coat layer as a whole. The changes observed were due to the degradation of
paint components from photodegradation and hydrolysis.13 Lavine et al worked on improving
search strategies used for the PDQ database; this study utilized low-level data fusion
techniques on the IR spectra of both the clear coat and primer coat of paint samples.20 The
search pre-filters established in this study allowed for the determination of the assembly plant
that the unknown vehicle was manufactured; these pre-filters also worked for samples from
the same make and in a limited range of production year.20 Lavine et al published another study
two years later where the researchers further developed a prototype library search engine to
search through the IR spectra contained in the PDQ database in order to determine the line and
model of paint samples from their clear coat, primer surfacer, and electrocoat layers.21 Onethousand and eighty-one paint samples manufactured by General Motors, Chrysler, or Ford
were used in this study to develop search pre-filters. A match list was created using the pre-
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filters and the best match that occurred between an unknown paint sample and a spectra from
the PDQ database was identified using a cross-correlation library search algorithm that utilized
a forward and backward search.21
2.4 Py-GC-MS
In Py-GC-MS, the sample is inserted into a quartz tube with quartz wool positioned on
each side to keep the sample from falling out once positioned vertically. This quartz tube is
then positioned into the coil in the pyroprobe handle, Figure 3. The pyroprobe handle is
inserted into the interface box positioned on the GC inlet, Figure 4.

Figure 3: Quartz tube positioned in coil of CDS 4000 pyroprobe

Figure 4: Pyroprobe set-up during analysis

The pyroprobe handle is set with pyrolysis parameters to ensure that the sample pyrolyzes.
The interface box is utilized to keep the temperature around the handle high enough to avoid
the sample from condensing before entering the GC inlet. The sample, in its gas phase, will
8

then enter the GC inlet located in the GC oven and then onto the column. The oven is heated
at a specific ramp setting to keep the sample as a gas and aid in the separation of components
(different ramp rates will result in different retention times for the compound). As the sample
interacts with the stationary phase of the column, different components elute at different
retention times. The components will pass through the heated transfer line before entering the
mass spectrometer. A heated electron ionization source will then ionize the components and
pass them through the quadrupole analyzer, which separates the components based on their
mass-to-charge (m/z) ratios.22 The ions will then be detected by the electron multiplier and
output as a mass spectrum.23
Burns and Doolan found that the subdivisions formed via Py-GC-MS to the FTIR sample
groups determined, in the study, were mainly due to various carboxylic acid esters contained
in the clearcoat layer.8 Classes were determined based on peak patterns visualized and due to
the number of classes determined for each technique; py-GC-MS was shown to discriminate
between base coat samples as well as FTIR spectroscopy.14 Zieba-Palus et al. analyzed the
clearcoat of 150 samples with Py-GC-MS and determined that FTIR groups, classified by the
same polymer binder, can be divided into subclasses using Py-GC-MS.24 In the study by ZiebaPalus et al., the subclasses determined by Py-GC-MS were determined visually based on peak
patterns, in some cases the peaks were from minor paint components of low intensity.24
2.5 DART-HRMS
An inert gas enters into the DART-HRMS ion source and interacts with a high electric field
producing a glow discharge and forming energetic species. These species then encounter a
grounded electrode that only allows metastable species through and into the gas heater. The
gas heater is heated to a specified temperature and the heated metastable ions then encounter
9

an exit grid electrode before leaving the ion source through the insulator cap. Next, the gas
stream interacts with the sample before entering the MS inlet.25 DART-HRMS can be run in
either positive or negative ionization mode. Positive ion mode identifies compounds that
contain at least one of the following: a heteroatom, a basic site, or an unsaturated bond.
Negative ion mode, on the other hand, identifies phenols or carboxylic acids possessing a labile
proton.26
Chen and Wu utilized direct analysis in real time (DART) equipped with a Q-orbitrap
tandem mass spectrometer to analyze organic pigments found in automotive paint samples; it
was determined that this instrument could characterize organic pigments that showed up as
weak and/or overlapped peaks in FTIR.10 Maric et al. examined the clear coats of 4 vehicles
with Py-GC-MS and direct analysis in real time-time of flight mass spectrometry (DARTTOFMS); based on PCA, DART-TOFMS exhibited similar discriminatory capabilities as PyGC-MS and provided complimentary information by identifying compounds that weren’t
observed in Py-GC-MS.3 The research discussed in this thesis is an expansion of this work, but
on a larger dataset to determine if the complementary nature of DART-HRMS and Py-GC-MS
is still viable.
2.6 Statistical Methods
This study used three different multivariate statistical methods: hierarchical cluster analysis
(HCA), principal component analysis (PCA), and linear discriminant analysis (LDA). HCA is
an unsupervised learning method that clusters together samples with similar chemical
compositions. Unsupervised learning methods look for patterns in datasets without specific
classes given. PCA is another unsupervised learning method and it reduces the dimensions in
a dataset by eliminating all minor components and determining groupings within the data.27
10

After HCA and PCA are performed on the data, LDA utilizes information obtained from both
methods to determine the classification accuracy of the model developed.28
In 2000, orthogonal canonical variates analysis (OCVA) and PCA were used on Py-GCMS data to determine if vehicles of the same color, clustered together.29 In 2012, a study
utilizing ATR-FTIR spectroscopy on clear coat samples used the following multivariate
statistical methods: cluster analysis, PCA, and LDA.11 PCA alone was performed on data
obtained using the synchrotron FTIR and DART-TOFMS by Maric et al in 2014 and 2018,
respectively.3, 19 PCA and LDA were also used on IR data obtained by Van der Pal et al. in
2016.13
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CHAPTER 3: EXPERIMENTATION
3.1 Sample Collection
The samples used in this study were collected from automotive body shops and junk yards
located in Orlando and Pembroke Pines, FL. Vehicles of varying color, year and manufacturer
were selected as samples. The only stipulation was that all samples were from vehicles made
in 2005 and later. Collection was performed using a razor blade to scrap off portions of paint
while ensuring that the paint chip obtained was thick enough to contain all layers. The
scrapings were then stored in sealed plastic bags and labeled with the vehicle’s information.
3.2 Sample Preparation, data acquistion, and parameters for Keyence Digital Microscope
Paint chips were cut with a scalpel and propped against the side of a petri dish so that the
even and smooth surface was facing upwards. A VHX 6000 Keyence digital microscope
(Keyence, Itasca, IL, USA) was used to analyze the automotive paint samples to determine the
layer system of each. A glass stage was used as background to ensure the best contrast. The
magnification that was used varied depending on the sample, 150-500X. Reflected light was
used to illuminate the samples for pictures. The depth composition function of the microscope
was utilized to capture focused images of the samples even if the surface was not completely
even.30
3.3 Sample Preparation, Data Acquistion, and Parameters for FTIR Spectroscopy
The paint chips were cleaned with ethanol and allowed to dry prior to analysis. The paint
chip was positioned on a clean microscope slide under the ATR crystal of the FTIR, with the
clearcoat facing upward.
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A Bruker LUMOS FTIR (Bruker Optik GmbH, Ettlingen, Deutschland), cooled with liquid
nitrogen, with a Germanium (Ge) ATR crystal and a mercury cadmium telluride detector was
utilized to analyze the paint chip samples. Ge ATR crystals have a depth of penetration at 45°
of 0.65µm.31 This depth of penetration indicates that only the clear coat of each sample will be
studied given that this particular layer is usually thicker than this depth. The resolution was set
to 4 cm-1 and 64 scans were run at each position. The illumination used was between 3-5%
based on each given sample. Five different positions were selected and examined for each
sample. Spectra of air were taken as background prior to the analysis of each sample.
3.4 Sample Preparation, Data Acquistion, and Parameters for Py-GC-MS
A CDS Analytical 4000 pyroprobe (CDS Analytical, Oxford, PA, USA) coupled to a
7890B gas chromatograph equipped with a 5977B mass selective detector (Agilent
Technologies, Santa Clara, CA, USA) was used in this study. One-dimensional GC was
utilized on a two-dimensional (2D) GC set-up. The first dimension of the 2D GC set-up was a
20m DB-5ms Ultra Inert column (Agilent Technologies, Santa Clara, CA, USA, 121-5523UI).
The second dimension was a 5m DB-200ms column (Agilent Technologies, Santa Clara, CA,
USA). While examining automotive paint chips under a stereomicroscope, the clear coat was
shaved off using a scalpel. The clear coat shavings were then inserted into a quartz tube and
quartz wool was packed into each side of the tube to hold the sample in place once positioned
vertically into the coil of the pyroprobe handle.
The pyrolysis parameters were as follows: an initial temperature of 50°C for 2 seconds,
followed by a 50°C/sec ramp and a final temperature of 750°C for 2 seconds. The interface
box parameters included an initial temperature of 200°C for 6 seconds, followed by a
100°C/min ramp and a final temperature of 350°C for 42 seconds. The coil of the pyroprobe
13

was cleaned between samples to remove any left-over pyrolysates. The cleaning was
performed by heating the coil to 1000°C for 30 seconds. The needle was also cleaned with
methanol before each run to eliminate cross contamination and ensure the needle was not
clogged.
The GC-MS parameters were as follows: an initial temperature of 45°C for 2 minutes,
followed by a 12°C/min ramp and a final temperature of 280°C for 2 minutes. The overall run
time for the method was 23.583 minutes and the mass spectra were obtained over the m/z range
of 40-550. The samples were run in duplicate. A methanol wash was performed between
samples to clean the column and ensure no carryover between samples. The parameters for the
wash method were as follows: an initial temperature of 50°C for 2 min, followed by a 15°C/min
ramp and a final temperature of 320°C for 15 minutes. The overall run time for the wash
method was 35 minutes. At the end of each day, a deep clean of the column was performed
using a bake method with the following parameters: an initial temperature of 100°C for 2
minutes, followed by a 100°C/min ramp and a final temperature of 300°C for 180 minutes.
The run time for the bake method was 184 minutes.
3.5 Sample Preparation, Data Acquistion, and Parameters for DART-HRMS
The clear coat and base coat of one hundred samples were each separately analyzed using
an IonSense® DART® ion source (IonSense, Saugus, MA, USA) attached to an AccuTOF™ 4G
LC-plus mass spectrometer (JEOL USA, Peabody, MA, USA). Portions of the clear coat layer
were scraped from the surface of automotive paint chips with a scalpel while being visualized
under a stereomicroscope. After the clear coat was scraped off, shavings of the base coat were
then removed as well. The scrapings (clear coat or base coat) were then pressed into three of
the 12 mesh positions on a QuickStrip™ card (IonSense, Saugus, MA, USA). Four different
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samples, in triplicate, were added to a single QuickStrip™ card. The QuickStrip™ card was
placed into a linear rail attachment (IonSense, Saugus, MA, USA), which was manually moved
horizontally and positioned at the mesh position of each sample. The ion source was then
positioned 1.5 cm away from the inlet of the mass spectrometer. Acquisition data files
consisted of thirty seconds of air background, four-minute runs of each replicate, and an
internal mass calibration standard, polyethylene glycol (PEG). The PEG used had an
approximate molecular weight of 400. The instrument was run in standby mode for at least one
minute in between the background, replicates, and PEG to ensure no cross contamination. The
DART ion source utilized helium while running and nitrogen while in standby mode. The gas
flow rate maintained in this project was 3.6 L/min. An ionization temperature of 550°C was
applied for samples, while PEG was analyzed at a temperature of 350°C. The high temperature
of 550°C ensured that the high molecular weight compounds contained in each paint layer
were heated enough to pyrolyze. The mass spectra obtained for each sample had a m/z range
from 60-1000. The analysis was performed with a sampling interval of 0.25ns and a recording
interval of 1.00s. Other parameters that were used in this study include: grid voltage (250V),
orifice 1 voltage (20V), orifice 2 voltage (5V), ring lens voltage (5V), needle voltage (3000V),
detector voltage (2150V), and an ion guide RF voltage (500V). The clear coat and base coat of
each sample were run in positive ionization mode. Several samples were run in negative
ionization mode, however, no additional information was obtained therefore no further samples
were run in this ionization mode.
3.6 Data Processing and Chemometrics
The FTIR data was pretreated using OPUS 7.2.139.1294 (Bruker Optik GmbH, Ettlingen,
Deutschland). Extended ATR correction was utilized to ensure the absorption bands found in
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the ATR spectrum for each sample matched the corresponding transmission spectrum.31 The
baseline correction and min-max normalization functions, on the software, were also
performed on the spectra of each sample and carbon dioxide peaks were removed. Once
pretreatment was completed, the spectra were converted into text files and manually input into
a data matrix for future statistical analysis.
Agilent MassHunter Qualitative Analysis B.07.00 (Agilent Technologies, Santa Clara, CA,
USA) was used to analyze the Py-GC-MS data. The background was subtracted from each
spectrum and peaks with a signal-to-noise ratio less than 10 were excluded. The peak areas
were obtained and manually input into a data matrix for chemometric analysis. Prior to
statistical analysis, the peak areas were normalized via area sum normalization. Peaks were
identified using MSD ChemStation F.01.01.2317 (Agilent Technologies, Santa Clara, CA,
USA) with the NIST14 library (NIST, Gaithersburg, MD, USA).
Data acquisition for DART-HRMS was obtained with MassCenter software (JEOL,
Peabody, MA, USA). The data was processed with TSS Unity 1.0.6.35 (Shrader Software
Solutions, Inc., Detroit, MI, USA) to subtract background from each sample and to perform
mass calibration with PEG. The mass spectra for each sample were normalized to the most
abundant peak in each spectrum. This normalization generated spectra of relative intensities.
Peaks with a relative intensity of ten percent or greater were input into a data matrix and the
m/z ratios were binned with a tolerance of ± three millimass units. The most distinguishing
peaks in the spectra were identified using Mass Mountaineer™ 4.02.9.0 (RBC Software,
Peabody, MA, USA).
HCA, PCA, and LDA were performed on all datasets using RStudio with R-3.5.3. HCA
was implemented first on each data matrix to determine classes of samples consisting of the
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same compounds. PCA was performed next to reduce the dimensionality of the datasets, while
still accounting for 90% of the variance in the data.27 Scores plots of the first three principal
components obtained from PCA for each instrumental dataset were generated using Origin
2016 b9.3.2.303 (OriginLab Corporation, Northampton, MA, USA). A 20% withheld of the
data matrix was withheld on ten different times to create a test dataset. The classification
accuracy of each instrumental method was determined through LDA while utilizing
information obtained from HCA and PCA. The residual 80% of the data matrix was utilized
as a training dataset for the classification of the test dataset samples. The ten test datasets were
projected into the model ten times as a cross validation of the model and to calculate the
accuracy of the model. LDA is sometimes prone to overfitting in cross validation when it
incorporates insignificant dimensions that were ignored in PCA.28 The cross validation used in
this study will ideally prevent overfitting through the creation of an accurate model produced
from repeating the cross validation on a different part of the data, ten times.
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CHAPTER 4: RESULTS AND DISCUSSION
4.1 Keyence
The automotive paint layer system of samples was identified using a VHX 6000 Keyence
digital microscope. Figures 5 and 6 illustrate typical OEM automotive paint layer systems
exhibited in paint samples used in the study. Figure 7 demonstrates a paint sample with a
refinished paint layer system - exhibited by more than four layers.

Figure 5: Typical OEM paint layer system of a red paint sample, Canada20

Figure 6: Typical OEM paint layer system of a white paint sample, USA5

18

Figure 7: Refinished paint layer system of a red paint sample, Australia1
The layers from right to left are: electrocoat primer, primer surfacer, basecoat, and multiple clear coat layers.

4.2 FTIR Spectroscopy and Chemometric Analysis
Eighty-nine samples were examined using FTIR spectroscopy and clustered into four
groups by HCA. Each grouping was composed of samples containing similar components
characterized by the type of binder system the sample had. Figures 8-11 demonstrate the
common peaks observed in a mass spectrum for each of the four classes.
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Figure 8: FTIR spectrum of USA1 - representative of class 1
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Figure 9: FTIR spectrum of USA45 - representative of class 2
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Figure 10: FTIR spectrum of USA34 - representative of class 3
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Figure 11: FTIR spectrum of USA28 - representative of class 4

The Ward’s linkage and Euclidean distance methods were used with HCA to generate a
dendrogram of the dataset. Figure 12 contains the FTIR dendrogram with a red border around
the branches corresponding to samples in each class. The dendrogram was used to determine
how the samples clustered together and the number of classes formed. Four classes of samples
were identified based on similar chemical compositions of the automotive paint samples. No
further classes were formed to ensure no further separation of replicates from the same sample
occurred. Table 1 lists the samples that represent each class and the major contributing
components used to separate the classes are gone over in more detail later in this section.
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Figure 12: Dendrogram for FTIR dataset
Moving from left to right, each bordered area corresponds to the following class: class 1, class 2, class 3, and class 4
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Afterwards, PCA was performed to determine the FTIR peaks responsible for
discriminating between the four classes. Six principal components accounted for 91.69% of
the variance in the data matrix. A three-dimensional (3D) scores plot was generated to show
the relationship between PC’s 1-3 for the FTIR dataset (Figure 13).

Figure 13: 3D Scores Plot using PCs 1-3 to visualize FTIR dataset

Loadings plots for PC’s 1-3 were created to illustrate the most intense positive and negative
loadings for the FTIR data matrix. The loading plot for PC1 demonstrated that the most intense
positive loadings were at the IR bands of 3355 (OH and NH stretch), 1548 (C=N-C and C=CC stretch), and 1038 cm-1 (C-O stretch) while the most intense negative loading was for C=O
stretching at 1689 cm-1 (Figure 14). Figure 15 illustrates the loadings for PC2 which indicate
most intense positive loadings at 1731 (C=O stretch), 1546 (C=N-C and C=C-C stretch), and
1169 cm-1 (C-O stretch). The negative loadings for PC2 are for OH and NH stretching at 3471,
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C=O stretching at 1689, and phenyl ring stretching at 1426 cm-1. The third PC loadings are
shown in Figure 16 with two most intense positive loadings at 1691 and 1464 cm-1 for C=O
and phenyl ring stretching, respectively; major negative loadings appeared at two IR bands,
3471 and 1048 cm-1, which were indicative of OH, NH, and C-O stretching. IR bands within
the following ranges, 1280-1020 cm-1 (C-O stretch) and 1730-1650 cm-1 (C=O stretch), were
seen in all four classes along with the IR band at 1450 cm-1 (phenyl ring stretch). The OH and
NH stretching peak at 3355 cm-1 was present in samples grouped into classes 2-4. Classes 2
and 3 contained the vibrational stretch at 1550 cm-1 for C=N-C and C=C-C stretching.

Figure 14: PC1 Loadings Plot for FTIR data
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Figure 15: PC2 Loadings Plot for FTIR data

Figure 16: PC3 Loadings Plot for FTIR data

The most common peaks appearing in the samples for each class were determined. A list
of the samples in each grouping and characteristic vibrational modes with their positions in a
spectrum, for each group, are recorded in Table 1. Some samples did not have all of their
replicates cluster into the same class; this could be due to the absence of characteristic peak(s)
of the class most replicates classified into or the presence of a characteristic peak seen in
another class.
25

Table 1: FTIR sample distribution between classes and characteristic compounds of each class
Class

Samples (no. replicates)

Characteristic compounds

1

Canada1 (5), Canada5 (5), Canada7 (5), Canada12 (1),
Canada19 (5), Canada20 (5), Germany2 (5), Japan1 (5),
Japan2 (5), Japan3 (5), Japan4 (5), Japan7 (3), USA1 (2),
USA2 (3), USA4 (5), USA12 (5), USA13 (5), USA49 (5)

C-O stretching (1280-1020 cm-1)
phenyl ring stretching (1450 cm-1)
C=O stretching (1730-1650 cm-1)
methyl stretching (2940 cm-1)

Australia1 (5), Canada4 (2), Canada16 (4), Germany3 (1),
Germany4 (1), Germany6 (3), Italy1 (1), Japan7 (2),
Japan8 (5), Japan9 (1), Korea3 (3), Korea7 (2), Korea9
(1), Korea11 (5), Korea12 (5), Mexico4 (5), Mexico6 (5),
Mexico7 (1), USA1 (3), USA31 (1), USA44 (1), USA45
(2), USA47 (1), USA48 (5)

Out-of-plane phenyl ring C-H bending (780-700
cm-1)
C-O stretching (1280-1020 cm-1)
Methylene and methyl bending (1400-1330 cm-1)
Phenyl ring stretching (1450 cm-1)
In-plane C=N-C and C=C-C stretching (1550-1500
cm-1)
C=O stretching (1730-1650 cm-1)
Methyl stretching (3100-2800 cm-1)
OH and NH stretching (3380 cm-1)

3

Canada2 (5), Canada3 (5), Canada9 (5), Canada10 (5),
Canada17 (5), England1 (5), Italy1 (4), Japan5 (5),
Korea3 (2), Korea4 (5), Korea5 (5), Korea13 (5),
Mexico1 (5), Mexico7 (4), Mexico9 (5), USA2 (2), USA3
(5), USA5 (5), USA14 (5), USA18 (5), USA29 (5),
USA32 (5), USA34 (5), USA45 (3)

Out-of-plane phenyl ring C-H bending (780-700
cm-1)
C-O stretching (1280-1020 cm-1)
Methylene and methyl bending (1400-1330 cm-1)
Phenyl ring stretching (1450 cm-1)
In-plane C=N-C and C=C-C stretching (1550-1500
cm-1)
C=O stretching (1730-1650 cm-1)
Methyl stretching (3100-2800 cm-1)
OH and NH stretching (3380 cm-1)

4

Canada4 (3), Canada6 (5), Canada8 (5), Canada11 (5),
Canada12 (4), Canada13 (5), Canada14 (5), Canada15
(5), Canada16 (1), Canada18 (5), Germany1 (5),
Germany3 (4), Germany4 (4), Germany5 (5), Germany6
(2), Japan6 (5), Japan9 (4), Korea2 (5), Korea6 (5),
Korea7 (3), Korea8 (5), Korea9 (4), Korea10 (5),
Mexico2 (5), Mexico3 (5), Mexico5 (5), Mexico8 (5),
Sweden1 (5), USA11 (5), USA28 (5), USA30 (5), USA31
(4), USA33 (5), USA39 (5), USA40 (5), USA41 (5),
USA42 (5), USA43 (5), USA44 (4), USA46 (5), USA47
(4), USA50 (5)

Out-of-plane phenyl ring C-H bending (780-700
cm-1)
C-O stretching (1280-1020 cm-1)
Phenyl ring stretching (1450 cm-1)
C=O stretching (1730-1650 cm-1)
Methyl stretching (3100-2800 cm-1)
OH and NH stretching (3380 cm-1)

2

Out of the four classes, the one that is easiest to distinguish based on a visual analysis of
the IR spectrum is class one. Classes 2-4 exhibit a peak at around 3380 cm-1, which is
representative of OH and NH stretching in acrylic/urethane binder components.32 Class one
does not contain the peak at 3380 cm-1, however it does contain peaks for C-O and C=O
stretching, typically observed at 1280-1020 cm-1 and 1730-1650 cm-1, respectively; both IR
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bands are indicative of an acrylic binder system.33 Mass spectra belonging to class one samples
also tend to include peaks corresponding to aliphatic C-H stretches (2940 cm-1) and phenyl
ring stretches of styrene (1450 cm-1), both indicative of samples with acrylic binder systems.34
Only classes, two and three, contain a peak at 1550 cm-1 which is representative of melamine.
One of the main distinguishing peaks of class four represents a carbonyl stretch belonging to
polyurethane at around 1690 cm-1.34 Class two mass spectra contain a peak at 1270 cm-1
signifying an alkyd resin component.
LDA was implemented on the FTIR dataset using the classes obtained by HCA and the
first six principal components attained by PCA. A confusion matrix is displayed in Table 2 to
demonstrate the accuracy of the LDA prediction model for the FTIR dataset. The classification
accuracy for this technique was 87.98%. The LDA predicted model had 107 misclassifications
out of 890 test samples. One misclassification observed was sample USA2 grouping as class 3
instead of class 1. By looking at the resulting spectrum, it was determined that the presence of
a peak at 3380 cm-1 was the reason for this misclassification as that peak was characteristic of
class 3 and not usually contained in class 1 samples. USA1, a class 2 sample, was classified as
class 1 due to the absence of the following peaks: 700 and 3380 cm-1. Another observed
misclassification was USA4 grouping into class 2 instead of class 4; this sample had an
observed peak between 1400-1330 cm-1 which is indicative of class 2 and not present in class
4.
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Table 2: Confusion Matrix obtained from LDA of FTIR dataset

Prediction

Reference
c1

c2

c3

c4

Total

% Correct
Prediction

c1

150

12

2

1

165

90.91

c2

0

41

2

22

65

63.08

c3

10

34

216

1

261

82.76

c4

0

23

0

376

399

94.24

Total

160

110

220

400

890

87.98

4.3 Py-GC-MS and Chemometric Analysis
One hundred automotive paint samples were analyzed in duplicate with Py-GC-MS. The
samples were classified into four groups based on HCA. Each grouping contained samples
with similar chemical compositions as well as common peak patterns visualized in most of the
class’s samples. Figures 17-20 illustrate Py-GC-MS TICs representative of each class.
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Figure 17: Total Ion Chromatogram representative of Class 1 for Py-GC-MS data
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Figure 18: Total Ion Chromatogram representative of Class 2 for Py-GC-MS data
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Figure 19: Total Ion Chromatogram representative of Class 3 for Py-GC-MS data
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Figure 20: Total Ion Chromatogram representative of Class 4 for Py-GC-MS data
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HCA was performed with the Ward’s linkage and Euclidean distance methods to produce
a dendrogram of the Py-GC-MS dataset. The Py-GC-MS dendrogram is displayed in Figure
21 with a red border around the branches of samples contained in each class. The dendrogram
illustrates how the different samples grouped together and shows the amount of classes formed.
The samples were separated into four classes according to the similarities and dissimilarities
of their chemical compositions. The number of classes formed was stopped at four to prevent
further separation of replicates from the same sample from occurring. Table 3 records the
samples in each class and contains the compounds that contribute the most toward separating
the classes; these compounds are discussed more later in this section.
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Figure 21: Dendrogram for Py-GC-MS dataset
Moving from left to right, each bordered area corresponds to the following class: class 1, class 2, class 3, and class 4.
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PCA was subsequently used to identify the major components and sixteen principal
components were found to account for 90.13% of the variance within the data. A 3D scores
plot is shown in Figure 22 that represents the Py-GC-MS data.

Figure 22: 3D Scores Plot using PCs 1-3 to visualize Py-GC-MS dataset

A loadings plot for PCs 1-3 of the Py-GC-MS data was generated to illustrate the retention
times that had the most contribution to dividing the data into groups (Figure 23). Most intense
positive loadings for PC1 were two unknown compounds at 3.9 and 15.9 min; the most intense
negative loading was also an unknown peak at the retention time of 3.7 min. The unknown
peaks at the retention times of 3.9 and 15.9 min were representative of samples grouped into
class 3. Classes 1 and 4 typically contained the unknown compound that eluted at 3.7 min. The
PC2 positive loadings were styrene (7.5 min) and an unknown (3.7 min), while the negative
loadings were the two unknowns at 3.9 and 15.9 min; these were the same two unknown peaks
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that were positive loadings of PC1 mentioned above. All classes contained styrene (7.5 min).
The unknown peak seen at 3.7 min was indicative of class 2 samples. Positive loadings at 3.7
min (unknown) and 7.6 min (styrene) were shown for PC3; with a negative loading at 7.5 min
(styrene). Styrene at a retention time of 7.6 min was indicative of class 2.
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Figure 23: PC Loadings Plot for Py-GC-MS data

The samples grouped into each class were examined to determine the peaks that commonly
appeared in samples belonging to each class. Table 3 shows the sample distribution between
the classes along with characteristic components seen in total ion chromatograms (TICs) for
each class. Some of the Py-GC-MS samples did not have both of their replicates group into the
same class. A possible reason for the replicates separation would be the absence or presence
of characteristic components (s) that the other replicate did or did not have in the replicates
mass spectrum.
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Table 3: Py-GC-MS sample distribution between classes and characteristic compounds of each class
Class

Samples (no. replicates)

Characteristic compounds (Rt in min.)

1

Australia1 (2), Canada4 (2), Canada6 (1), Canada8 (1),
Canada15 (2), Canada16 (2), Germany3 (1), Germany6 (1),
Japan2 (2), Japan9 (2), Korea3 (2), Korea5 (1), Korea7 (2),
Korea8 (1), Korea10 (2), Korea11 (2), Mexico1 (1),
Mexico4 (2), Mexico5 (1), Mexico6 (1), Sweden1 (1),
USA3 (2), USA11 (2), USA14 (1), USA31 (2), USA37 (1),
USA 39 (2), USA41 (2)

Unknown (3.7), Unknown (4.0), Methyl
methacrylate (5.3), Toluene (5.9), 1, 3-dimethylbenzene (7.1), Styrene (7.5), Butyl ester 2butenoic acid (8.4), n-Butyl methacrylate (8.6), αmethylstyrene (8.7), Unknown (9.0), 2hydroxypropyl ester 2-propenoic acid (9.3), 2methyl-1-propenyl-benzene (9.8), Unknown
(10.3), Di (isobutyl) ester glutaric acid (15.7),
Diethyl phthalate (15.9)

2

Canada1 (2), Canada7 (1), Canada8 (1), Canada9 (2),
Canada10 (2), Canada12 (1), Canada14 (2), Canada19 (2),
Germany1 (1), Germany4 (2), Germany6 (1), Japan1 (2),
Japan3 (2), Japan4 (2), Japan8 (1), Korea2 (2), Korea4 (2),
Korea6 (2), Korea9 (2), Korea12 (2), Korea13 (2),
Mexico1 (1), Mexico5 (1), Mexico9 (1), Sweden1 (1),
USA6 (2), USA7 (2), USA10 (2), USA12 (2), USA13 (2),
USA14 (1), USA18 (1), USA19 (2), USA22 (1), USA32
(1), USA33 (2), USA40 (2), USA42 (2), USA43 (2),
USA45 (2), USA48 (2), USA50 (1)

Unknown (3.7), Styrene (7.5), n-Butyl
methacrylate (8.6), α-methylstyrene (8.7), Diethyl
phthalate (15.9)

3

Canada2 (2), Canada3 (1), Canada5 (2), Canada11 (2),
Canada13 (2), Canada17 (2), Canada18 (2), Canada20 (2),
Germany2 (2), Italy1 (2), Japan5 (2), Japan6 (2), Japan7
(2), Mexico2 (2), Mexico3 (2), Mexico8 (2), USA1 (2),
USA2 (2), USA4 (2), USA5 (2), USA21 (2), USA26 (2),
USA29 (2), USA30 (2), USA34 (2), USA35 (2), USA36
(2), USA37 (1), USA38 (2), USA44 (2), USA46 (2),
USA47 (2), USA49 (2)

Unknown (3.9), Unknown (6.4), Styrene (7.5),
Unknown (10.3), Unknown (11.2), 1,1-dimethyl1H-Indene (11.6), Naphthalene (11.6), Diethyl
phthalate (15.7), Unknown (15.9), 1,1-(1,3propanediyl) bis benzene (16.5), Unknown (16.8),
Unknown (18.4)

4

Canada3 (1), Canada6 (1), Canada7 (1), Canada12 (1),
England1 (2), Germany1 (1), Germany3 (1), Germany5 (2),
Japan8 (1), Korea5 (1), Korea8 (1), Mexico6 (1), Mexico7
(2), Mexico9 (1), USA18 (1), USA22 (1), USA28 (2),
USA32 (1), USA50 (1)

Unknown (3.7), Unknown (4.0), Styrene (7.5), nButyl methacrylate (8.6), Diethyl phthalate (15.9)

Class one and two are represented by TICs containing styrene, methacrylate(s), and other
additives; however, TICs corresponding to class 1 exhibited a greater variety of
methacrylate(s) and additives. Samples belonging to class 3 are different due to the majority
of samples exhibiting an absence in methacrylate(s) with the bulk of abundant peaks belonging
to additives. Whereas class four is characterized by TICs with few abundant peaks; these peaks
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typically belong to one or more of the following: unknowns (3.7 and/or 4.0 min), styrene, nbutyl methacrylate, and diethyl phthalate.
LDA was implemented on the Py-GC-MS dataset using the classes obtained by HCA and
the first 16 principal components attained by PCA. A confusion matrix is displayed in Table 4
to demonstrate the accuracy of the LDA prediction model for the Py-GC-MS dataset. The
classification accuracy for this technique was 95.61% which indicates that this technique has
high discriminatory capabilities. Eighteen misclassifications out of the 410 test samples were
observed for this prediction model. One of the misclassifications was when Germany4 was
identified as a class 1 sample instead grouped into class 2. This incorrect classification was
due to the spectrum containing peaks at 5.3, 9.0, 9.3, and 15.7 min; these peaks were
characteristic of class 1 and not class 2. Canada14 had a ground truth of class 3, however it
was clustered into class 1; some of the peaks responsible are listed: 3.7, 4.0, 5.3, and 5.9 min.
A class 4 sample, Germany5, was also misclassified as class 1 for containing the subsequent
three peaks: 5.3, 8.7, and 15.7 min.
Table 4: Confusion Matrix obtained from LDA of Py-GC-MS dataset

Prediction

Reference
c1

c2

c3

c4

Total

% Correct
Prediction

c1

88

7

3

3

101

87.13

c2

2

132

2

0

136

97.06

c3

0

1

125

0

126

99.21

c4

0

0

0

47

47

100

Total

90

140

130

50

410

95.61
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4.4 DART-HRMS and Chemometric Analysis
The clear coat and base coat of one-hundred automotive paint samples were analyzed with
DART-HRMS. Multivariate statistical methods including HCA, PCA, and LDA were used to
determine the classification accuracy obtained for both layers when utilizing DART-HRMS.
4.4.1 Clear Coat
Clear coat samples analyzed with DART-HRMS were classified into four groups based on
HCA. Each class consisted of samples with chemical compositions including certain
characteristic components. Figures 24-27 demonstrate DART-HRMS mass spectra
corresponding to each class.

Figure 24: DART-HRMS spectrum of USA10 – representative of class 1 for clear coats
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Figure 25: DART-HRMS spectrum of USA12 – representative of class 2 for clear coats

Figure 26: DART-HRMS spectrum of Korea13 – representative of class 3 for clear coats
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Figure 27: DART-HRMS spectrum of USA43 – representative of class 4 for clear coats

HCA was performed with the Ward’s linkage and Euclidean distance methods to produce
a dendrogram of the DART-HRMS clear coat data matrix. Figure 28 displays the DARTHRMS clear coat dendrogram with the branches of samples in each class outlined with a red
border. The dendrogram shows how the different samples cluster together and illustrates the
amount of classes formed. The samples were grouped into four classes based on how similar
the chemical compositions of the samples were to each other. Only four classes were used to
prevent further separation of replicates from the same sample from occurring. Table 5 lists the
samples in each class and contains the components that contribute the most toward separating
the classes; these components are discussed more later in this section.
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Figure 28: Dendrogram for DART-HRMS clear coat dataset
Moving from left to right, each bordered area corresponds to the following class: class 1, class 2, class 3, and class 4.
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After HCA was performed, PCA was utilized to determine the components in the data that
contributed the most to the separation of classes. For the DART-HRMS dataset, thirty-three
principal components were used to account for 90.40% of the variance within the data. PC’s
1-3 were used to generate a 3D scores plot of the DART-HRMS clear coat data (Figure 29).

Figure 29: 3D Scores Plot using PCs 1-3 to visualize DART clear coat dataset

A loadings plot based on the first three PC’s for the DART-HRMS clear coat dataset is
displayed in Figure 30. The following positive loadings for PC1 were indicative of alkylated
melamine: 139.0740, 141.0922, 153.0900, and 167.1044 m/z. Another positive loading for
PC1 represented methyl acrylate and appeared at the m/z of 155.1053. The m/z’s for alkylated
melamine (139.0740, 153.0900, and 167.1044) along with the methyl acrylate peak (155.1053)
were indicative of class 3 samples. Samples from class 2 and 3 typically contained a peak at
m/z of 141.0922 for alkylated melamine. PC2 had one positive loading at 143.0696 (glycidyl
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methacrylate) and two negative loadings at 105.0694 (styrene) and 113.0616 (acrolein dimer).
The peak for glycidyl methacrylate was indicative of class 2 samples. All classes contained
samples with a m/z of 105.0694 representative of styrene. Classes 1, 3, and 4 contained samples
with a peak for acrolein dimer at m/z of 113.0616. PC3 positive loadings were 105.0694
(styrene) and 127.0756 (allyl methacrylate). PC3 also contained a negative loading for acrolein
dimer at 113.0616 m/z. The PC3 loading for allyl methacrylate was indicative of class 3.
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Figure 30: PC Loadings Plot for DART-HRMS Clear Coat data

The data matrix for the clear coat data was organized by class to determine the most
common peaks seen in each class. Table 5 documents the samples HCA clustered into each of
the four classes as well as providing the major components observed in the separate classes.
Some of the clear coat samples had their replicates cluster into different classes due to either
the presence or absence of characteristic peak(s) belonging to certain classes in each replicates
mass spectrum.
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Table 5: DART-HRMS clear coat sample distribution between classes and characteristic compounds of each
class
Class

Samples (no. replicates)

Characteristic compounds (m/z)

1

Australia1 (3), Canada4 (3), Canada6 (2), Canada8 (2),
Canada9 (3), Canada11 (3), Canada13 (3), Canada14 (2),
Canada16 (3), Canada18 (3), Germany3 (3), Germany4 (3),
Germany5 (1), Germany6 (3), Japan4 (2), Japan8 (1), Japan9
(3), Korea2 (3), Korea5 (2), Korea6 (1), Korea7 (2), Korea8 (3),
Korea9 (3), Korea10 (3), Korea12 (3), Sweden1 (2), USA10
(3), USA11 (3), USA28 (3), USA30 (3), USA31 (2), USA33
(3), USA35 (3), USA37 (3), USA39 (3), USA40 (3), USA41
(3), USA42 (3), USA44 (3), USA45 (3), USA50 (3)

2

Canada1 (3), Canada5 (2), Canada7 (3), Canada19 (2),
Canada20 (1), Japan1 (2), Japan2 (3), Japan3 (3), USA4 (2),
USA12 (3), USA13 (3), USA48 (3)

Methyl acrylate (87.0432), Styrene
(105.0690), Alkylated melamine (141.0920),
Glycidyl Methacrylate (143.0696), Unknown
(211.0960)

3

Canada2 (3), Canada3 (2), Canada10 (1), England1 (3), Italy1
(3), Japan8 (2), Korea3 (3), Korea4 (3), Korea11 (3), Korea13
(3), Mexico1 (3), Mexico7 (3), Mexico9 (1), USA3 (2), USA5
(2), USA6 (3), USA7 (3), USA14 (3), USA18 (3), USA19 (3),
USA21 (3), USA22 (3), USA26 (3), USA29 (1), USA32 (3),
USA34 (3), USA38 (3), USA49 (3)

Styrene (105.0690), Acrolein dimer
(113.0620), Allyl methacrylate (127.0760),
Alkylated melamine (139.0740), Alkylated
melamine (141.0920), Alkylated melamine
(153.0900), Methyl acrylate (155.0730),
Alkylated melamine (167.1040)

4

Canada3 (1), Canada5 (1), Canada6 (1), Canada8 (1), Canada10
(2), Canada12 (3), Canada14 (1), Canada15 (3), Canada17 (3),
Canada19 (1), Canada20 (2), Germany1 (3), Germany2 (3),
Germany5 (2), Japan1 (1), Japan4 (1), Japan5 (3), Japan6 (3),
Japan7 (3), Korea5 (1), Korea6 (2), Korea7 (1), Mexico2 (3),
Mexico3 (3), Mexico4 (3), Mexico5 (3), Mexico6 (3), Mexico8
(3), Mexico9 (2), Sweden1 (1), USA1 (3), USA2 (3), USA3 (1),
USA4 (1), USA5 (1), USA29 (2), USA31 (1), USA36 (3),
USA43 (3), USA46 (3), USA47 (3)

Styrene (105.0690), Acrolein dimer
(113.0620)

Methyl acrylate (87.0432), Styrene
(105.0690), Acrolein dimer (113.0620),
Unknown (241.1226)

Clear coats characterized by class one contained the following: styrene, acrylate(s), and
additives(s). Samples represented by class two differed from class one based on the presence
methacrylate(s) and the absence of additives, such as acrolein dimer. Of the four groupings,
class three samples were the easiest to distinguish visually due to the presence of more peaks,
such as styrene, acrylate(s), methacrylate(s), alkylated melamine(s), and additives. Class 4, on
the other hand, is represented by mass spectra with few known abundant peaks; the known
peaks are typically styrene and/or acrolein dimer.
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LDA was applied to the DART-HRMS dataset using the four classes obtained by HCA and
the first 33 principal components obtained by PCA. A confusion matrix is displayed in Table
6 to demonstrate the accuracy of the LDA prediction model for the DART-HRMS dataset. The
classification accuracy for this technique was 98.20% which indicates that this technique has
a high discriminatory ability for automotive clear coats. Eleven out of six-hundred and ten test
samples were not classified correctly. For this dataset, Canada5 was incorrectly classified as
class 2 rather than class 4 due to the absence of the 113.0620 min peak. Germany2, a class 4
sample, was also misclassified as class 1 because of the absence of peaks, such as 105.0690
and 113.0620 min. The following peaks were absent in England1’s mass spectrum: 113.0620,
127.0760, 155.0730, and 167.1040; this was responsible for the misclassification of England1
as class 2 instead of class 3.
Table 6: Confusion Matrix obtained from LDA of DART Clear Coat dataset

Prediction

Reference
c1

c2

c3

c4

Total

% Correct
Prediction

c1

220

0

0

4

224

98.21

c2

0

59

2

3

64

92.19

c3

0

0

147

0

147

100

c4

0

1

1

173

175

98.86

Total

220

60

150

180

610

98.20

4.4.2 Base Coat
HCA classified the base coat samples analyzed by DART-HRMS into four groups. Each
class consisted of samples containing the same characteristic peaks. Figures 31-34 illustrate
Py-GC-MS TICs representative of each class.
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Figure 31: DART-HRMS spectrum of USA30 – representative of class 1 for base coats

Figure 32: DART-HRMS spectrum of USA42 – representative of class 2 for base coats
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Figure 33: DART-HRMS spectrum of Mexico3 – representative of class 3 for base coats

Figure 34: DART-HRMS spectrum of Canada12 – representative of class 4 for base coats

HCA was utilized with the Ward’s linkage and Euclidean distance methods to create a
dendrogram of the DART-HRMS base coat dataset. Figure 35 shows the DART-HRMS base
coat dendrogram with branches corresponding to the samples contained in each class outlined
with a red border. The dendrogram shows how the different samples clustered together and
illustrates the amount of classes formed. The samples were grouped into four classes based on
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the similarities and differences between their chemical compositions. Four classes were used
to prevent further separation of replicates from the same sample from happening. The samples
in each class are listed in Table 7 along with the components that contribute the most toward
separating the classes; these components are discussed in more detail later in this section.
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Figure 35: Dendrogram for DART-HRMS base coat dataset
Moving from left to right, each bordered area corresponds to the following class: class 1, class 2, class 3, and class 4.
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PCA was performed on the dataset next to determine the major contributing factors of the
dataset. Twenty-nine principal components were discovered to account for 90.55% of the
variance within the DART-HRMS base coat data. Figure 36 displays a scores plot generated
for the DART-HRMS base coat dataset.

Figure 36: 3D Scores Plot using PCs 1-3 to visualize DART base coat dataset

A loadings plot utilizing PC’s 1-3 for the DART-HRMS base coat data was generated
(Figure 37). PC1 contained three positive loadings indicative of alkylated melamine –
139.0738, 141.0891, and 153.0896. PC1 also contained a positive loading at 127.0740 m/z for
allyl methacrylate. All the most intense positive loadings for PC1 were characteristic of class
1. PC1’s negative loading at 327.2514 (unknown) corresponded to classes 3 and 4. PC2 had
one positive loading at 113.0621 for acrolein dimer and two negative loadings at 327.2514 and
355.2828 which were both unknown. The factor loading for acrolein dimer was representative
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of classes 2 and 3, while the unknown peak at 355.2828 indicated class 4. PC3 had three most
intense positive loadings – 113.0621 (acrolein dimer), 115.0754 (caprolactone), and 327.2514
(unknown); along with one negative loading at 371.1006 (unknown). The caprolactone peak
at 115.0754 m/z was indicative of class 2 while the unknown peak at 371.1006 m/z represented
classes 3 and 4.
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Figure 37: PC Loadings Plot for DART-HRMS base coat data

The data matrix for the base coat data was arranged by class and examined for the peaks
that showed up the most in samples of each class. Table 7 shows the samples grouped by HCA
and provides the major components observed in the separate classes. Some of the basecoat
samples did not have all their replicates group into the same class. Some of the replicates might
have contained a peak characteristic of another class which lead to the other classification or
the replicate might have not included a peak seen in the other replicates.

49

Table 7: DART-HRMS base coat sample distribution between classes and characteristic compounds of each
class
Class

Samples (no. replicates)

Characteristic compounds (m/z)

1

Australia1 (2), Canada2 (3), Canada3 (3), Canada5 (3),
Canada7 (2), Canada9 (1), Canada17 (3), Canada20 (3),
Germany2 (2), Japan2 (2), Japan3 (1), Japan8 (3), Korea3 (3),
Korea4 (1), Korea11 (3), Korea13 (1), Mexico1 (2), Mexico6
(2), Mexico7 (3), Mexico8 (3), Mexico9 (3), USA2 (3), USA5
(3), USA6 (3), USA7 (3), USA12 (3), USA13 (3), USA14 (2),
USA18 (3), USA22 (3), USA26 (2), USA28 (1), USA29 (3),
USA30 (3), USA32 (3), USA34 (2), USA36 (2), USA37 (2),
USA38 (3), USA48 (1), USA49 (3)

2

Australia1 (1), Canada4 (2), Canada9 (2), Canada13 (2),
Canada14 (3), Canada18 (3), Germany3 (1), Germany4 (3),
Germany5 (3), Japan1 (3), Japan4 (2), Japan6 (1), Japan7 (2),
Korea2 (1), Korea5 (2), Korea6 (3), Korea7 (2), Korea9 (3),
Korea12 (1), Mexico4 (3), Mexico5 (3), Mexico6 (1), Sweden1
(3), USA1 (1), USA10 (1), USA11 (3), USA31 (2), USA36 (1),
USA39 (3), USA40 (3), USA41 (2), USA42 (3), USA45 (3)

3

Canada1 (3), Canada6 (3), Canada8 (3), Canada10 (1),
Canada11 (3), England1 (1), Germany1 (2), Germany3 (2),
Germany6 (3), Japan3 (1), Japan5 (3), Japan7 (1), Japan9 (1),
Korea4 (1), Korea10 (2), Mexico1 (1), Mexico3 (3), USA1(2),
USA3 (3), USA4 (3), USA14 (1), USA19 (1), USA21 (1),
USA26 (1), USA31 (1), USA33 (1), USA35 (1), USA43 (3),
USA44 (3), USA47 (3), USA50 (2)

Acrolein dimer (113.0620), Diethyl phthalate
(223.0950), Unknown (235.0980), Unknown
(301.2390), Unknown (327.1220), Unknown
(327.2510), Unknown (371.1010)

4

Canada4 (1), Canada7 (1), Canada10 (2), Canada12 (3),
Canada13 (1), Canada15 (3), Canada16 (3), Canada19 (3),
England1 (2), Germany1 (1), Germany2 (1), Italy1 (3), Japan2
(1), Japan3 (1), Japan4 (1), Japan6 (2), Japan9 (2), Korea2 (2),
Korea4 (1), Korea5 (1), Korea7 (1), Korea8 (3), Korea10 (1),
Korea12 (2), Korea13 (2), Mexico2 (3), USA10 (2), USA19
(2), USA21 (2), USA28 (2), USA33 (2), USA34 (1), USA35
(2), USA37 (1), USA41 (1), USA46 (3), USA48 (2), USA50 (1)

Unknown (201.1470), Unknown (327.2510),
Unknown (355.2830), Unknown (371.1010),
Unknown (488.3920), Unknown (516.4220)

Allyl methacrylate (127.0740), Alkylated
melamine (139.0740), Alkylated melamine
(141.0890), Alkylated melamine (153.0900),
Unknown (155.1050), Alkylated melamine
(167.1040)

Acrolein dimer (113.0620), Caprolactone
(115.0750)

Samples belonging to class one were typically comprised of methacrylate(s) and alkylated
melamine(s). This class is very similar to what is observed in clear coat mass spectra. It is
speculated that these similarities could be due to component migration between layers which
was exhibited by Maric et al. in a previous study.18 Characteristic components included in mass
spectra of class two were acrolein dimer and caprolactone. Though this class only has two
distinguishing peaks, the caprolactone peak is highly distinguishing because it is not exhibited
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in high abundance in other classes. The mixture of multiple unknown peaks and different
additive(s) is what sets class three apart from class four, which exhibits a large quantity of only
unknown peaks in their mass spectra.
Next, LDA was applied to the DART-HRMS dataset using the four classes obtained by
HCA and the first 29 principal components obtained by PCA. A confusion matrix is displayed
in Table 8 to demonstrate the accuracy of the LDA prediction model for the DART-HRMS
dataset. The classification accuracy for this technique was 86.77%. Eighty-two out of 620 test
samples were misclassified for the base coat data. Some examples of misclassifications that
happened for this dataset are discussed below. One misclassification that transpired was for
Germany1; the ground truth of this sample was class 3; however, it was predicted as class 2.
One of the major contributing peaks found in class 3 samples is at a m/z of 371.1010; this
sample did not contain this peak which is a possible reason for its misclassification into class
2. Another misclassification happened when a class 2 sample was grouped incorrectly as class
4; this sample was Mexico4 and it was speculated that the absence of the major class 2 peak at
115.0750 was the reason for the error. A class 1 sample, USA26, was also misclassified as
class 3 due to the sample containing the m/z of 327.2510 which is indicative of class 3.
Table 8: Confusion Matrix obtained from LDA of DART Base Coat dataset

Prediction

Reference
c1

c2

c3

c4

Total

% Correct
Prediction

c1

203

2

3

6

214

94.86

c2

4

129

1

12

146

88.36

c3

7

3

92

8

110

83.64

c4

6

16

14

114

150

76.00

Total

220

150

110

140

620

86.77
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4.4.3 Comparison of Clear Coat and Base Coat
The same one-hundred samples were run in triplicate on DART-HRMS and yet the
classification accuracy for the base coat was 11.43% lower than the clear coats prediction
accuracy. Originally, it was hypothesized that the base coat samples would cluster based on
color; however, no color pattern was observed in any of the groupings. Zieba-Palus et al. used
Raman spectroscopy to characterize blue pigments in 66 samples and obtained a discriminating
power of 97-99% based on visual analysis of spectra.35 That high of a distinguishing ability for
single color pigments indicates that base coats vary greatly even for same color samples. The
high variations between sample and different colored pigments indicates that same colored
samples would not cluster together as indicated in this study. Main differences between the
groupings observed for base coats are the magnitude of peaks with a m/z greater than 300 along
with the numerous peaks that were unable to be identified. Some of the unknown peaks most
likely belong to pigments included in the basecoat.
4.5 Comparison of Techniques
The techniques in order of greatest to least discriminatory power are as follows: DARTHRMS clear coat (98.20%), Py-GC-MS (95.61%), FTIR (87.98%), and DART-HRMS base
coat (86.77%). The classification accuracies demonstrated illustrate how Py-GC-MS has a
higher distinguishing ability than FTIR as shown in a previous journal article.8 This study also
shows the high discriminatory power of DART-HRMS compared to Py-GC-MS. DARTHRMS has proven to not only have a high discriminating ability but also provide
complementary information to Py-GC-MS.
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CHAPTER 5: CONCLUSION
5.1 Conclusion of Results and Significance
This study proves that DART-HRMS can be as discriminating as Py-GC-MS. The
techniques are also complimentary given that some compounds identified by DART-HRMS
were not identified by Py-GC-MS and vice versa. DART-HRMS analyzes samples in a fraction
of the time Py-GC-MS takes which will help forensic trace laboratories that may currently be
facing backlogs.
5.2 Future Works
Future studies would include analyzing clear coats and full paint chips using an ionRocket
(BioChromatio, San Diego, CA, USA) coupled to the DART-HRMS. This study would
determine the different information obtained from analyzing the clear coat compared to a full
paint chip. The use of the ionRocket coupling would also illustrate if additional information at
different temperature regions could be attained.
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APPENDIX: MANUFACTURER, COLOR, AND YEAR OF VEHICLE
SAMPLES USED IN THE STUDY
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Sample
(* indicates
4 paint
layers)

Year

FTIR Class
(no. reps)

Py-GC-MS
Class
(no. reps)

DART-HRMS
(Clearcoat)
Class
(no. reps)

Manufacturer

Color

Australia1

Pontiac GTO

Canada1*

Red

2005

Class 2 (5)

Class 1 (2)

Class 1 (3)

Chrysler
Pacifica

Gray

2005

Class 1 (5)

Class 2 (2)

Class 2 (3)

Class 3 (3)

Canada2*

GMC Canyon

Black

2006

Class 3 (5)

Class 3 (2)

Class 3 (3)

Class 1 (3)

Canada3*

Dodge Charger

White

2015

Class 3 (5)

Class 3 (1)
Class 4 (1)

Class 3 (2)
Class 4 (1)

Class 1 (3)

Canada4*

Honda Civic

Black

2012

Class 2 (2)
Class 4 (3)

Class 1 (2)

Class 1 (3)

Class 2 (2)
Class 4 (1)

Canada5

Toyota Corolla

Red

2014

Class 1 (5)

Class 3 (2)

Canada6*

Chevrolet
Camaro

White

2014

Class 4 (5)

Canada7*

Toyota Corolla

Gray

2015

Class 1 (5)

Canada8

Buick Lacrosse

Gold

2005

Class 4 (5)

Canada9*

Chevrolet
Impala

Blue

2006

Class 3 (5)

Class 2 (2)

Class 1 (3)

Canada10*

Dodge Charger

Red

2007

Class 3 (5)

Class 2 (2)

Class 3 (1)
Class 4 (2)

Class 1 (1)
Class 2 (2)
Class 3 (1)
Class 4 (2)

Canada11

Dodge Magnum

Blue

2006

Class 4 (5)

Class 3 (2)

Class 1 (3)

Class 3 (3)

Canada12

Buick Regal

Gray

2012

Class 1 (1)
Class 4 (4)

Class 2 (1)
Class 4 (1)

Class 4 (3)

Class 4 (3)

Black

2006

Class 4 (5)

Class 3 (2)

Class 1 (3)

Class 2 (2)
Class 4 (1)

Black

2013

Class 4 (5)

Class 2 (2)

Class 1 (2)
Class 4 (1)

Class 2 (3)

Yellow

2009

Class 4 (5)

Class 1 (2)

Class 4 (3)

Class 4 (3)

Gray

2010

Class 2 (4)
Class 4 (1)

Class 1 (2)

Class 1 (3)

Class 4 (3)

Red

2005

Class 3 (5)

Class 3 (2)

Class 4 (3)

Class 1 (3)

Black

2010

Class 4 (5)

Class 3 (2)

Class 1 (3)

Class 2 (3)

White

2006

Class 1 (5)

Class 2 (2)

Canada13
Canada14
Canada15*
Canada16*
Canada17*
Canada18*
Canada19*

Ford Crown
Victoria
Chevrolet
Camaro
Ford Crown
Victoria
Honda Civic
Pontiac
GrandPrix
Ford Crown
Victoria
Chrysler
Pacifica

Class 1 (1)
Class 4 (1)
Class 2 (1)
Class 4 (1)
Class 1 (1)
Class 2 (1)

Class 2 (2)
Class 4 (1)
Class 1 (2)
Class 4 (1)

DART-HRMS
(Basecoat)
Class
(no. reps)
Class 1 (2)
Class 2 (1)

Class 1 (3)
Class 3 (3)

Class 2 (3)

Class 1 (2)
Class 4 (1)

Class 1 (2)
Class 4 (1)

Class 3 (3)

Class 2 (2)
Class 4 (1)
Class 2 (1)
Class 4 (2)

Class 4 (3)

Canada20*

Toyota RAV4

Red

2015

Class 1 (5)

Class 3 (2)

England1*

Jaguar F-type

White

2016

Class 3 (5)

Class 4 (2)

Class 3 (3)

Germany1

BMW 325i

Black

2005

Class 4 (5)

Class 2 (1)
Class 4 (1)

Class 4 (3)

Germany2

BMW 535

Gray

2010

Class 1 (5)

Class 3 (2)

Class 4 (3)

Germany3*

BMW X3 3.0iA

Black

2005

Class 1 (1)
Class 4 (1)

Class 1 (3)

Germany4*

Volkswagen
Passat

Gray

2007

Class 2 (1)
Class 4 (4)
Class 2 (1)
Class 4 (4)

Class 2 (2)

Class 1 (3)

Class 2 (3)

Germany5

BMW 128ia

Blue

2011

Class 4 (5)

Class 4 (2)

Class 1 (1)
Class 4 (2)

Class 2 (3)
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Class 1 (3)
Class 3 (1)
Class 4 (2)
Class 3 (2)
Class 4 (1)
Class 1 (2)
Class 4 (1)
Class 2 (1)
Class 3 (2)

Sample
(* indicates
4 paint
layers)

Year

FTIR Class
(no. reps)

Py-GC-MS
Class
(no. reps)

DART-HRMS
(Clearcoat)
Class
(no. reps)

DART-HRMS
(Basecoat)
Class
(no. reps)

Manufacturer

Color

Germany6

Mini Cooper S

Black

2006

Class 2 (3)
Class 4 (2)

Class 1 (1)
Class 2 (1)

Class 1 (3)

Class 3 (3)

Italy1*

Jeep Renegade

Black

2017

Class 2 (1)
Class 3 (4)

Class 3 (2)

Class 3 (3)

Class 4 (3)

Japan1*

Toyota
Highlander

Blue

2005

Class 1 (5)

Class 2 (2)

Class 2 (2)
Class 4 (1)

Class 2 (3)

Japan2*

Toyota 4Runner

Dark Gray

2006

Class 1 (5)

Class 1 (2)

Class 2 (3)

Japan3*

Toyota Scion
TC

Black

2006

Class 1 (5)

Class 2 (2)

Black

2012

Class 1 (5)

Class 2 (2)

Class 1 (2)
Class 4 (1)

Class 1 (2)
Class 4 (1)
Class 1 (1)
Class 3 (1)
Class 4 (1)
Class 2 (2)
Class 4 (1)

Black

2005

Class 3 (5)

Class 3 (2)

Class 4 (3)

Class 3 (3)

Japan4
Japan5

Nissan G37
Infiniti
Mitsubishi
Lancer

Japan6

Suzuki Aerio Sx

Red

2005

Class 4 (5)

Class 3 (2)

Class 4 (3)

Japan7

Mazda 3

Gray

2005

Class 1 (3)
Class 2 (2)

Class 3 (2)

Class 4 (3)

Japan8

Nissan Murano
SL

Black

2005

Class 2 (5)

Class 2 (1)
Class 4 (1)

Class 1 (1)
Class 3 (2)

Japan9*

Mazda CX-9

White

2007

Class 2 (1)
Class 4 (4)

Class 1 (2)

Class 1 (3)

Korea2

Kia Sportage

Gray

2006

Class 4 (5)

Class 2 (2)

Class 1 (3)

Korea3*

Suzuki Forenza

Gray

2006

Class 2 (3)
Class 3 (2)

Class 1 (2)

Class 3 (3)

Korea4

Hyundai
Tiburon

Blue

2009

Class 3 (5)

Class 2 (2)

Class 3 (3)

Gray

2013

Class 3 (5)

Class 1 (1)
Class 4 (1)

White

2006

Class 4 (5)

Class 2 (2)

Dark Gray

2013

Class 2 (2)
Class 4 (3)

Class 1 (2)

Class 1 (2)
Class 4 (1)
Class 1 (1)
Class 4 (2)
Class 1 (2)
Class 4 (1)

Korea5*
Korea6
Korea7

Hyundai
Veloster Turbo
Hyundai Santa
Fe
Hyundai
Genesis

Class 2 (1)
Class 4 (2)
Class 2 (2)
Class 3 (1)
Class 1 (3)
Class 3 (1)
Class 4 (2)
Class 2 (1)
Class 4 (2)
Class 1 (3)
Class 1 (1)
Class 3 (1)
Class 4 (1)
Class 2 (2)
Class 4 (1)
Class 2 (3)
Class 2 (2)
Class 4 (1)

Korea8

Hyundai Azera

Black

2008

Class 4 (5)

Class 1 (1)
Class 4 (1)

Class 1 (3)

Class 4 (3)

Korea9

Suzuki Forenza

Black

2005

Class 2 (1)
Class 4 (4)

Class 2 (2)

Class 1 (3)

Class 2 (3)

Korea10

Suzuki Forenza

Gray

2005

Class 4 (5)

Class 1 (2)

Class 1 (3)

Class 3 (2)
Class 4 (1)

Korea11*

Kia Spectra

Blue

2005

Class 2 (5)

Class 1 (2)

Class 3 (3)

Class 1 (3)

Korea12

Hyundai Accent

Gray

2009

Class 2 (5)

Class 2 (2)

Class 1 (3)

Korea13*

Hyundai Elantra

Black

2013

Class 3 (5)

Class 2 (2)

Class 3 (3)

Mexico1

Nissan Sentra

Blue

2006

Class 3 (5)

Class 1 (1)
Class 2 (1)

Class 3 (3)

Mexico2

Volkswagen
Golf

Red

2016

Class 4 (5)

Class 3 (2)

Class 4 (3)

Class 4 (3)

Mexico3

Cadillac SRX

Black

2012

Class 4 (5)

Class 3 (2)

Class 4 (3)

Class 3 (3)
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Class 2 (1)
Class 4 (2)
Class 1 (1)
Class 4 (2)
Class 1 (2)
Class 3 (1)

Sample
(* indicates
4 paint
layers)

Manufacturer

Color

Year

FTIR Class
(no. reps)

Py-GC-MS
Class
(no. reps)

DART-HRMS
(Clearcoat)
Class
(no. reps)

DART-HRMS
(Basecoat)
Class
(no. reps)

Class 1 (2)

Class 4 (3)

Class 2 (3)

Class 4 (3)

Class 2 (3)

Class 4 (3)

Class 1 (2)
Class 2 (1)

Volkswagen
Beetle
Volkswagen
Jetta
Volkswagen
Jetta

Blue

2006

Class 2 (5)

Black

2005

Class 4 (5)

Gray

2010

Class 2 (5)

Mexico7*

Ford Fusion

Black

2011

Class 2 (1)
Class 3 (4)

Class 4 (2)

Class 3 (3)

Class 1 (3)

Mexico8

Chevrolet HHR

Blue

2008

Class 4 (5)

Class 3 (2)

Class 4 (3)

Class 1 (3)

Class 2 (1)
Class 4 (1)
Class 1 (1)
Class 2 (1)

Class 3 (1)
Class 4 (2)
Class 1 (2)
Class 4 (1)

Class 3 (2)

Class 4 (3)

Class 2 (1)
Class 3 (2)

Class 3 (2)

Class 4 (3)

Class 1 (3)

Mexico4*
Mexico5
Mexico6*

Class 1 (1)
Class 2 (1)
Class 1 (1)
Class 4 (1)

Mexico9*

Ford Fiesta

Black

2013

Class 3 (5)

Sweden1*

Volvo S40 24i

Gray

2006

Class 4 (5)

USA1*

Toyota Tundra

White

2009

USA2*

Toyota Corolla

White

2017

USA3

Honda Pilot

Red

2006

Class 3 (5)

Class 1 (2)

USA4*

Toyota Tacoma

Red

2005

Class 1 (5)

Class 3 (2)

USA5*

Lincoln
Navigator

White

2005

Class 3 (5)

Class 3 (2)

USA6

Mazda Tribute

Blue

2005

N/A

Class 2 (2)

Class 3 (3)

Class 1 (3)

USA7

Subaru Outback

Black

2005

N/A

Class 2 (2)

Class 3 (3)

Class 1 (3)

USA10

Nissan Altima

Black

2005

N/A

Class 2 (2)

Class 1 (3)

Class 2 (1)
Class 4 (2)

USA11

Dodge Stratus

Black

2005

Class 4 (5)

Class 1 (2)

Class 1 (3)

Class 2 (3)

USA12

Jeep Liberty

Red

2005

Class 1 (5)

Class 2 (2)

Class 2 (3)

Class 1 (3)

USA13

Nissan Maxima

Gray

2005

Class 1 (5)

Class 2 (2)

Class 2 (3)

Class 1 (3)

USA14

Ford Excursion

White

2005

Class 3 (5)

Class 3 (3)

Class 1 (2)
Class 3 (1)

USA18

Dodge Durango

Black

2014

Class 3 (5)

Class 3 (3)

Class 1 (3)

USA19

Honda Pilot

Gray

2017

N/A

Class 2 (2)

Class 3 (3)

USA21

Honda Accord

Gray

2012

N/A

Class 3 (2)

Class 3 (3)

USA22

Kia Optima

Gray

2015

N/A

Class 2 (1)
Class 4 (1)

Class 3 (3)

USA26

Hyundai Sonata

Black

2013

N/A

Class 3 (2)

Class 3 (3)

USA28

Nissan Altima

Red

2017

Class 4 (5)

Class 4 (2)

Class 1 (3)

USA29*

Hyundai Sonata

Gray

2015

Class 3 (5)

Class 3 (2)

Class 3 (1)
Class 4 (2)

Class 1 (3)

USA30

Pontiac G6 GT

Gray

2007

Class 4 (5)

Class 3 (2)

Class 1 (3)

Class 1 (3)

USA31*

Chevrolet
Malibu

Gray

2005

Class 2 (1)
Class 4 (4)

Class 1 (2)

Class 1 (2)
Class 4 (1)

Class 2 (2)
Class 3 (1)

Class 1 (2)
Class 2 (3)
Class 1 (3)
Class 3 (2)
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Class 1 (1)
Class 2 (1)
Class 2 (1)
Class 4 (1)

Class 3 (2)
Class 4 (1)
Class 2 (2)
Class 4 (1)
Class 3 (2)
Class 4 (1)

Class 1 (3)
Class 2 (3)

Class 3 (3)
Class 3 (3)
Class 1 (3)

Class 3 (1)
Class 4 (2)
Class 3 (1)
Class 4 (2)
Class 1 (3)
Class 1 (2)
Class 3 (1)
Class 1 (1)
Class 4 (2)

Sample
(* indicates
4 paint
layers)

Year

FTIR Class
(no. reps)

Py-GC-MS
Class
(no. reps)

DART-HRMS
(Clearcoat)
Class
(no. reps)

DART-HRMS
(Basecoat)
Class
(no. reps)

Manufacturer

Color

USA32*

Chevrolet
Cobalt LT

Blue

2009

Class 3 (5)

Class 2 (1)
Class 4 (1)

Class 3 (3)

Class 1 (3)

USA33*

Ford Mustang

White

2006

Class 4 (5)

Class 2 (2)

Class 1 (3)

USA34*

Lincoln mks

Gray

2010

Class 3 (5)

Class 3 (2)

Class 3 (3)

USA35*

Saturn Sky

Gray

2007

N/A

Class 3 (2)

Class 1 (3)

Gray

2009

N/A

Class 3 (2)

Class 4 (3)

Red

2006

N/A

Class 1 (1)
Class 3 (1)

Class 1 (3)

Gray

2006

N/A

Class 3 (2)

Class 3 (3)

Class 1 (3)

Orange

2008

Class 4 (5)

Class 1 (2)

Class 1 (3)

Class 2 (3)

USA36*
USA37
USA38*
USA39

Chevrolet
Malibu
Mitsubishi
Galant
Mitsubishi
Eclipse
Mitsubishi
Eclipse

Class 3 (1)
Class 4 (2)
Class 1 (2)
Class 4 (1)
Class 3 (1)
Class 4 (2)
Class 1 (2)
Class 2 (1)
Class 1 (2)
Class 4 (1)

USA40

Nissan Quest

Gray

2006

Class 4 (5)

Class 2 (2)

Class 1 (3)

Class 2 (3)

USA41

Nissan Maxima

Red

2006

Class 4 (5)

Class 1 (2)

Class 1 (3)

Class 2 (2)
Class 4 (1)

USA42

Nissan Altima

Blue

2008

Class 4 (5)

Class 2 (2)

Class 1 (3)

Class 2 (3)

USA43

Nissan Maxima

Gray

2007

Class 4 (5)

Class 2 (2)

Class 4 (3)

Class 3 (3)

Class 3 (2)

Class 1 (3)

Class 3 (3)

Class 2 (2)

Class 1 (3)

Class 2 (3)

Class 2 (1)
Class 4 (4)
Class 2 (2)
Class 3 (3)

USA44

Ford Focus

Red

2007

USA45

Chevrolet
Malibu

Red

2007

USA46

Cadillac cts

Blue

2010

Class 4 (5)

Class 3 (2)

Class 4 (3)

Class 4 (3)

USA47

Dodge Neon

Blue

2005

Class 2 (1)
Class 4 (4)

Class 3 (2)

Class 4 (3)

Class 3 (3)

USA48

Jeep Liberty

Blue

2005

Class 2 (5)

Class 2 (2)

Class 2 (3)

Class 1 (1)
Class 4 (2)

USA49

Chrysler 200

Black

2013

Class 1 (5)

Class 3 (2)

Class 3 (3)

Class 1 (3)

Class 4 (5)

Class 2 (1)
Class 4 (1)

Class 1 (3)

Class 3 (2)
Class 4 (1)

USA50

Pontiac G6 GT

Blue

2006
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